INTRODUCTION

1
While the PCC infers the linear relationship between two genes based on the covariance 1 and standard deviation from the expression values in a series of samples, the SCC and the 2 KCC use the ranks of gene expression levels in the samples to compute correlations 3 instead of directly using expression values. Although the SCC and the KCC are more 4 robust on non-normal distributions compared to the PCC, they have not been favored by 5 biologists because the information of expression levels is not considered. Of the many 6 correlation methods in biology, the Pearson correlation is the most commonly used capable of detecting non-linear relationships, more tolerant to outliers and less 1 dependence on sample sizes. Finally, we implemented the GCC correlation as an R 2 package named "rsgcc" to perform clustering analyses of transcriptomic data. 
RESULTS
5
Compilation of a gene set with known regulatory relationships in Arabidopsis 6 To evaluate the performances of the Gini and the above-mentioned correlation Using the compiled dataset, we first evaluated the overall performances of the 1 proposed GCC method and the other four methods, which included the PCC, SCC, KCC 2 and BiWt. Similar to the PCC, the BiWt calculates the correlation with the covariance 3 and standard deviation from the expression values that are firstly weighted by the 4 Tukey's biweight estimation (Hardin et al., 2007) . The correlations of the PCC, SCC and 5 KCC methods were computed with the cor.test function in R. The correlation of the BiWt 6 method was calculated using the biwt package in R. The statistical significance (p value) 7 of each computed correlation was derived from 2,000 permutation tests by randomly 8 shuffling the gene expression data of the analyzed gene pairs (Materials and Methods).
9
Because the GCC method calculates the correlation of two variables based on one gene's 1 0 p value as cutoff to determine the TPR from positive dataset and the FPR from the 1 negative dataset. Then, the TPRs and FPRs were imported to the R package "pROC" to 2 visualize the ROC curve, representing the TPR against FPR at different significance level.
3
The area under the ROC curve (AUC) is then computed as a quantitative measure of the 4 overall performance; this measure ranges from 0.0 to 1.0. A higher ROC curve results in 5 a larger AUC value and indicates a better resolution to distinguish the positive samples 6 from negatives samples.
7
The ROC curves of the GCC correlation were always beyond the curves from the 8 other four methods, no matter the analysis was performed in the TF-target, TF-cofactor 9 and cofactor-target datasets (Fig. 1, A to C) . The BiWt ranks at the second position 1 0 followed by the SCC and KCC methods, while the PCC always has the lowest AUC 1 1 values ( Fig. 1, A to C) . To confirm this pattern, the ROC analysis was repeated for 2,000 drawn in a boxplot was consistent with that in the ROC curves generated from the five 1 4 correlation methods (Fig. 1D) . Therefore, although the overall performances are not other four methods in inferring the expected regulatory relationships. In addition, at a significance level of p=0.05, the GCC method detected 5,969 1 9 pairs of known TF-target interactions, which was 19.48% ,10.19% and 2.74% higher than 2 0 that of the PCC, SCC and BiWt methods, respectively (Supplemental Fig. S2 ). The 2 1 GCC method was able to identify 96.14% (4,803/4,996) of the linear correlations that the GCC method identified 332 correlated expressions of the TF-target pairs that could 2 5 not be detected by either the PCC or SCC methods at the same significance threshold 2 6 (p=0.05) (Supplemental Fig. S2 ). These analyses demonstrated the ability of the GCC 2 7 method to derive both linear and non-linear (monotonic) relationships between a TF and 2 8 target. Additionally, the GCC method may also be capable of detecting new forms of the 2 9 regulatory relationships that have been overlooked by the value-only PCC or the rank- cofactor-target gene pairs show consistent results (Supplemental Fig. S2 ). We also 1 examined the performance of the GCC method with different strategies of choosing the p 2 value for the final output. Compared to the selection of lower p value of GCC1 and 3 GCC2, the GCC method detected less significant interactions when using the higher one 4 or the average p value of GCC1 and GCC2, corresponding to the number of 4222 and 5 4619 respectively for the TF-target interactions.
We provide three examples to display the properties of the GCC in capturing 8 various expression relationships below. The Gini correlation is able to detect both linear and non-linear regulatory patterns
The feature allowing the Gini method to detect more regulatory relationships is 1 2 attributed to its ability to consider both the value and rank information when calculating genes. First, we examined whether the GCC can derive a similar correlation from a by the BiWt is attributed to the down-weight of the outlier points in its algorithm, but 2 6 seemingly the BiWt overestimated the correlation. We then examined another pair of TF and target genes, a bHLH transcription factor (PYE, AT3G47640) and FRO3 (AT1G23020) that encodes a ferric chelate 3 0 reductase, which demonstrated a linear relationship among the 74 samples, but were obviously uncorrelated in only 5 tissues in Seed (Fig. 2B) under specific environmental conditions, we were interested in whether the transient 1 2 regulatory relationships could be detected using these four methods. A well-known The outlier data points in a gene's expression profile refer to the extremely high specifically expressed. However, the value-based PCC method is not stable to outliers, increase of outliers, suggesting these methods are all influenced by outliers. The PCC 1 shows the most dramatically reduced performance. For the TF-target pairs without 2 including any outliers, the average AUC value of the PCC was 0.88. However, when 3 6~10 outliers existed, the average AUC value decreased to 0.77 ( Fig. 3 and   4 Supplemental Table S2 ). The performance of another value-based correlation method
5
BiWt was also greatly affected by the increase of outliers. The average AUC value of the 6 BiWt dropped from 0.90 to 0.81 when the number of outliers increased from zero to more 7 than 10 in TF-target gene pairs ( Fig. 3 and Supplemental Table S2 ). Compared to the 8 value-based methods, the rank-based methods (SCC and KCC), and the value-and rank-9 based GCC method are more tolerant to outliers on TF-target gene pairs ( Table S2 ). A similar analysis was also performed on the TF-cofactor and 1 1 the cofactor-target gene pairs (Fig. 3) . Overall, the GCC and BiWt showed better BiWt, the GCC could achieve higher AUC values and be more tolerant to outliers for deviated from the center of data distribution. The influence of sample size on the performance of the five correlation methods 2 0
The number of samples (sample size) is another critical issue that may greatly of detecting differentially expressed genes, a larger sample size is usually required to 2 4 perform sound tests. Inspired by the concern that a rank-based method might need a 2 5 minimum amount of variables to derive a correct rank order to calculate correlations, we 2 6 investigated whether the sample size would affect the performance of the correlation 2 7 methods studied. To conduct this analysis, we firstly selected a TF and target pair, AGL9 (Fig. 4A and 4B) . We then computed the correlation coefficients on the simulated gene pairs with 5 to 75 samples randomly selected from the real gene pairs 1 using the five correlation methods. This process was repeated 1,000 times and an average 2 correlation coefficient was calculated for each sample size. The reason that we selected a 3 globally correlated TF-target pair was to minimize the chance that the non-correlated data 4 points were selected and biased the evaluation. The PCC, GCC and BiWt methods that 5 consider value information could derive similar correlations regardless of the increase in 6 the sample size from 5 to 75 (Fig. 4C) . Conversely, the correlations calculated by the 7 rank-only SCC method gradually increase from 0.84 to 0.94, which indicates a strong 8 dependence of the SCC method on the sample size to derive the expected correlation (Fig.   9   4C ). The result from another rank-based method, the KCC, is much lower than the 1 0 expected value of 0.94 (Fig. 4C) .
1
To further confirm this pattern derived from the study of one gene pair, we then to properly calculate the correlations (Fig. 4D) . In contrast to the SCC, the dependence of 2 0 the BiWt on the sample size is relatively small (Fig. 4D) . The GCC, KCC and PCC could The compatibility of the five correlation methods on RNA-Seq data 2 8
The RNA-Seq technology has greatly accelerated the production of transcriptomic which both forms of data were not normally distributed featuring with long heavy tails 1 4 (Fig. 5A) . From each distribution, we generated 2,000 pairs of genes for each number of five methods on the log 2 -transformed read counts and the FPKMs. As for the read counts, 1 the average correlations calculated by the GCC, PCC and BiWt were all close to the 2 expected 0.7 value (Fig. 5C) . The performance of the SCC was not improved, since log 3 transformation does not change the ranks of gene expression (Fig. 5C) . When computing 4 the correlations on log 2 -transformed FPKM values, the results from the GCC method is 5 approximate to the expected value, while the average correlations from the PCC and 6 BiWt was slightly below 0.7 (Fig. 5C) . We speculate that calculating FPKM values from Collectively, our analyses showed that the GCC, PCC and BiWt methods were equally 1 0 effective on log 2 -transformed read counts which can be recommend as the most optimal 1 1 data form in RNA-Seq analysis. Finally, we evaluated the five methods using a recently published RNA-Seq indicated that all these five methods require the regulatory relationships to concordantly 1 present in at least two samples to be detectable. heatmap. This package is also capable of performing parallel computing to increase the provided a user-friendly interface using the gWidgetsRGtk2 package in R, which allows 1 6 a tissue-specificity (ts) score for each gene. The detailed ts algorithm is described in the 1 online manual of "rsgcc". To demonstrate the function of "rsgcc", we first used the "find ., 2011) . Then, using the GCC-based similarity measure, a heatmap of the 5 2,279 clustered, tissue-specific genes was generated by "rsgcc" in which the genes 6 specifically expressed in the same tissue were successfully clustered in one group (Fig. 6) .
7
The clustered gene expression pattern can be saved in a standard output of hierarchical 8 clustering result: the "CDT" format, which can also be visualized and analyzed using the In this study, we compared the five correlation methods including the Pearson 1 5 correlation, the Spearman correlation, the Kendall correlation, the Tukey's biweight Gini correlation coefficient is defined as
where n is the sample size (i.e., number of observed gene expression values), x(i, X) is the 
is the corresponding value of X in the gene pair (X,Y)
for the i th value of gene expression profile Y sorted in an increasing order.
4
The other GCC value can be given as
Where y(i, X) and y(i, Y) are respectively defined similarly as x(i, Y) and x(i, X) in 1 6
and correlation method, the p value was calculated as follow: (1 that the absolute value of the correlation on the shuffled data greater than that of 8 correlation on the real data. Table S3 . List of the 29 TF-target interactions from maize. 
